Nonsense-mediated mRNA decay (NMD) plays an important role in eukaryotic gene expression, yet the scope and the defining features of NMD-targeted transcripts remain elusive. To address these issues, we reevaluated the genome-wide expression of annotated transcripts in yeast cells harboring deletions of the UPF1, UPF2, or UPF3 genes. Our new RNA-seq analyses confirm previous results of microarray studies, but also uncover hundreds of new NMD-regulated transcripts that had escaped previous detection, including many intron-containing pre-mRNAs and several noncoding RNAs. The vast majority of NMD-regulated transcripts are normal-looking protein-coding mRNAs. Our bioinformatics analyses reveal that this set of NMD-regulated transcripts generally have lower translational efficiency and higher ratios of out-of-frame translation. NMD-regulated transcripts also have lower average codon optimality scores and higher transition probability to nonoptimal codons. Collectively, our results generate a comprehensive catalog of yeast NMD substrates and yield new insights into the mechanisms by which these transcripts are targeted by NMD.
INTRODUCTION
Nonsense-mediated mRNA decay (NMD) is a eukaryotic surveillance mechanism that targets mRNAs undergoing premature translation termination for rapid degradation (Kervestin and Jacobson 2012; Lykke-Andersen and Bennett 2014; He and Jacobson 2015b) . The pathway was initially uncovered in Saccharomyces cerevisiae and Caenorhabditis elegans (Leeds et al. 1991; Peltz et al. 1993; Pulak and Anderson 1993) and later shown to be conserved from yeast to humans (Behm-Ansmant et al. 2007; Schoenberg and Maquat 2012) . NMD's function was originally thought to be limited to quality control, i.e., the elimination of mRNAs derived from genes harboring nonsense mutations to prevent the accumulation of potentially deleterious truncated polypeptides (He et al. 1993; Pulak and Anderson 1993) . However, NMD also targets a significant fraction of apparently normal and physiologically functional wild-type mRNAs (Schweingruber et al. 2013) , indicating that it also serves as a fundamental posttranscriptional regulatory mechanism for eukaryotic gene expression. Consistent with these important roles, NMD function is linked to diverse cellular processes, including cell growth and proliferation (Weischenfeldt et al. 2008; Avery et al. 2011; Lou et al. 2014) , development and differen-tiation (Medghalchi et al. 2001; Metzstein and Krasnow 2006; Gong et al. 2009; Wittkopp et al. 2009 ), innate immunity (Gloggnitzer et al. 2014) , antiviral or stress responses (Sakaki et al. 2012; Balistreri et al. 2014) , and neuronal activity or behavior (Giorgi et al. 2007; Colak et al. 2013) .
In all organisms examined, the activation of NMD requires a set of conserved core regulatory factors, Upf1, Upf2, and Upf3 (Kervestin and Jacobson 2012; He and Jacobson 2015b) . These three proteins interact with each other, the ribosome, and multiple translation and mRNA decay factors (Kervestin and Jacobson 2012) . Based on these molecular interactions, several potential functions have been proposed for the Upf factors, including remodeling terminating mRNPs (Franks et al. 2010) , releasing and recycling ribosomal subunits (Ghosh et al. 2010) , and recruiting mRNA decay factors (Okada-Katsuhata et al. 2012; Nicholson et al. 2014; He and Jacobson 2015a) . However, the exact roles for the Upfs, and their modes of action in NMD, remain largely unknown.
Despite the conservation of the core Upf proteins, NMDtargeted mRNAs appear to be degraded by different mechanisms in different eukaryotic cells. In yeast, NMDtargeted mRNAs are degraded predominantly through a deadenylation-independent mechanism involving decapping by the Dcp1/Dcp2 decapping enzyme and 5 ′ -3 ′ exonucleolytic digestion by Xrn1 (Muhlrad and Parker 1994; He and Jacobson 2001) . In human cells, NMD-targeted mRNAs are degraded through multiple mechanisms including endonucleolytic cleavage (Huntzinger et al. 2008; Eberle et al. 2009; , deadenylation-dependent decapping (Unterholzner and Izaurralde 2004; Yamashita et al. 2005; Loh et al. 2013) , and exosome-mediated 3 ′ -5 ′ decay (Lejeune et al. 2003) , with endonucleolytic decay appearing to be the predominant initiating mechanism in human cells (Boehm et al. 2014 ). In the latter decay pathway, Smg6 cleaves its substrate mRNAs in the vicinity of PTCs and the resulting 5 ′ and 3 ′ fragments are degraded by the exosome and Xrn1, respectively (Huntzinger et al. 2008; Eberle et al. 2009; Boehm et al. 2014) .
Depending on the organism or cell type, ∼5%-20% of the transcripts in a typical transcriptome are substrates of NMD (Lelivelt and Culbertson 1999; He et al. 2003; Mendell et al. 2004; Rehwinkel et al. 2005; Weischenfeldt et al. 2008; Ramani et al. 2009 ) and these transcripts can be classified into several general categories. One category, exemplifying typical NMD substrates, includes mRNAs with a destabilizing premature termination codon (PTC) in their coding region. These transcripts are generated from endogenous genes harboring nonsense or frameshift mutations , pseudogenes McGlincy and Smith 2008) , nonproductively rearranged genetic loci (Li and Wilkinson 1998) , or from alternative splicing events that lead to intron retention or inclusion of a PTC-containing exon (Lareau et al. 2007; Ni et al. 2007; Jaillon et al. 2008; . A second category contains mRNA-like transcripts with limited or no apparent coding potential, such as long noncoding RNAs (Kurihara et al. 2009; Tani et al. 2013; , small RNAs derived from intragenic regions (Thompson and Parker 2007; Smith et al. 2014) , or transcripts of inactivated transposable elements . A third category contains a subset of physiologically relevant transcripts that appear to be "normal," such as mRNAs with upstream open reading frames (uORFs) Gaba et al. 2005; Arribere and Gilbert 2013) , or with atypically long 3 ′ UTRs (Singh et al. 2008; Kebaara and Atkin 2009) , or normal-looking wild-type mRNAs with no atypical features .
To generate a comprehensive and high resolution catalog of NMD-regulated transcripts, and to delineate the defining features of these transcripts in NMD targeting, we utilized RNA-seq to reevaluate the effects of deleting the UPF1, UPF2, or UPF3 genes on the transcriptome-wide expression of annotated yeast genes. Our new analyses confirm previous results of microarray studies, but also uncover hundreds of new NMD-regulated transcripts that had escaped previous detection, including many intron-containing pre-mRNAs. Our bioinformatics analyses reveal several intrinsic features of NMD-regulated transcripts, yield new insights into the mechanisms by which translation of these transcripts targets them for NMD, and provide strong support for the notion that transcripts can become NMD substrates at any time during their translational life cycle.
RESULTS

Upf1, Upf2, and Upf3 regulate a common set of transcripts in yeast cells
To obtain a high-resolution catalog of yeast NMD substrates, we analyzed expression profiles of wild-type (WT), upf1Δ, upf2Δ, and upf3Δ strains. RNA-seq libraries were prepared from these strains in three biological replicates and the sequence reads from each library were aligned to: (i) a yeast transcriptome comprised of 7473 transcripts, including all annotated protein-coding sequences, functional and noncoding RNAs, and the unspliced isoforms of all intron-containing mRNAs and (ii) a separate transcriptome comprising all 3569 CUT, SUT, and XUT transcripts annotated previously (Wery et al. 2016) . We opted to use two separate transcriptomes because combining them resulted in a substantial loss of power to detect differential expression. Further investigation revealed that overlapping annotations were the principal cause: 1655 out of 3569 genomic coordinates of CUT, SUT, and XUT sequences had some extent of overlap, sometimes with multiple annotations (2024 total overlaps). Less than 1% of reads mapping to CUTs, SUTs, and XUTs were unique, compared to >55% for other transcripts (Supplemental Table 1 ). Based on posterior probabilities calculated by the RSEM software tool (Li and Dewey 2011) , including CUTs, SUTs, and XUTs in a combined analysis would have resulted in a substantial increase in read quantification error for all transcripts, compromising dispersion estimates used for subsequent differential expression calculations (Anders and Huber 2010; Robinson et al. 2010) . Similarly, because of their repetitive nature, we also excluded autonomous replicating sequences and long terminal repeats of transposable elements from our analysis.
We used RSEM (Li and Dewey 2011) for transcript quantification and the DESeq R package (Anders and Huber 2010) for differential expression analysis. To account for replicate variability, we used a false discovery rate threshold of 0.01 instead of arbitrary fold-change as a criterion for differential expression. All libraries exhibited similar distributions of read counts with few outliers (Fig. 1A) and biological replicates were extremely consistent, with Pearson correlation coefficients ranging from 0.84 to 0.99 (Supplemental Fig. 1) . We refer to the set of sequences that contains all annotated transcripts except for CUTs, SUTs, and XUTs as transcriptome 1 (T 1 ) and the set with the sequences for CUTs, SUTs, XUTs as transcriptome 2 (T 2 ).
Deletion of UPF1, UPF2, or UPF3 led to differential expression of a subset of transcripts in yeast cells. In each of the UPF deletion strains, the vast majority of differentially expressed transcripts were up-regulated and only a small number of transcripts were down-regulated ( Fig. 1B-D) .
The number of up-or down-regulated transcripts in individual UPF deletion strains was comparable and exhibited substantial overlap ( Fig. 1B,C) . These results indicate that the three Upf factors control the expression of a common set of transcripts in yeast cells. In transcriptome 1, we identified 907 transcripts that were up-regulated and 29 that were down-regulated upon UPF deletion; under the same circumstances transcriptome 2 had 332 up-regulated transcripts (including eight CUTs, 114 SUTs, and 210 XUTs; Supplemental  Table 2 ) and 124 down-regulated transcripts ( Fig. 1B,C ; Supplemental Fig. 2 ). Pairwise comparisons of read counts for each of the 1392 differentially expressed transcripts in upf1Δ, upf2Δ, and upf3Δ cells manifested almost equivalent expression values in each case ( Fig. 1E ), indicating that deletion of UPF1, UPF2, or UPF3 has almost identical quantitative effects on NMD-regulated transcripts. Similarly, when pairwise comparisons were conducted for all transcripts the three UPF deletion strains exhibited almost identical expression patterns (Supplemental Fig. 2 ). These results strengthen the idea that, at least in yeast, Upf1, Upf2, and Upf3 have equivalent effects on the execution of a single NMD pathway (He et al. 1997) .
Transcripts regulated by NMD have also been identified in previous analyses Johansson et al. 2007; Sayani et al. 2008; Smith et al. 2014; Malabat et al. 2015) and we sought to compare our new transcript lists to those generated earlier. However, naming conventions for Affymetrix microarray probes are not completely consistent with annotated gene names, and a significant fraction (∼20%) of transcripts represented by microarray probes are not in our new reference transcriptomes. Therefore, we restricted our comparisons to microarray probes that have definitively matched transcripts in our transcriptomes. As shown in Table 1 , there is substantial overlap (>60%) with our results and previously published data sets. These results indicate that our RNA-seq analyses yielded comprehensive sets of NMD-regulated transcripts in yeast cells that include the majority of transcripts identified by previous analyses and numerous transcripts that were not detected in previous studies. Transcripts commonly up-regulated in all three UPF deletion strains did not show any significant enrichment for those encoding factors involved in signal transduction or transcriptional regulation and, although a handful of up-regulated transcripts encode transcription factors, the annotated targets for each of these transcription factors were not particularly enriched in our NMD-regulated transcript list. Although we cannot definitively rule out indirect effects that alter mRNA abundance, these observations and the known roles of the three Upf factors as positive regulators of NMD (He and Jacobson 2001) suggest that the 1239 transcripts commonly up-regulated in the two transcriptomes analyzed here likely constitute direct substrates of NMD. Because of the ambiguity of read alignments and lack of information about the biological role of CUT, SUT, and XUT sequences in the literature, most of our subsequent analyses were focused on the 907 up-regulated transcripts present in transcriptome 1.
Structural and functional classes of NMD-regulated RNAs in transcriptome 1
To gain insight into the mechanism targeting well-annotated NMD substrates, we classified the NMD-regulated transcripts of transcriptome 1 into their respective structural RNA-seq analyses in this study identified 1239 transcripts commonly up-regulated in all three UPF deletion strains. This set of transcripts was compared to several other previously published data sets Johansson et al. 2007; Sayani et al. 2008; Smith et al. 2014; Malabat et al. 2015) , which had the following key features: and functional categories. Among the 907 up-regulated transcripts of transcriptome 1, 902 were from annotated proteincoding genes and five were from annotated "noncoding" RNA genes (Supplemental Table 2 ). Since NMD requires ongoing translation (Zhang et al. 1997; Hu et al. 2010 ), our observation that some "noncoding" RNAs of transcriptome 1 are substrates of NMD suggests that these transcripts are actually translated and may encode bona fide polypeptides. Among the 902 NMD-regulated transcripts coming from protein coding genes, 88% appear to be "normal" mRNAs and to lack any structural features indicative of substrates of NMD (see below). The remaining 12% can be classified into five known structural classes of NMD substrates , namely: (i) mRNAs encoded by genes harboring nonsense mutations in their coding regions (e.g., CAN1, LEU2), (ii) mRNAs utilizing frameshifting in their translation (e.g., YGR109W-B, YIL082W-A, and YIL009C-A), (iii) transcripts originated from pseudogenes (e.g., YAR061W, YFL056C, YOL153C), (iv) mRNAs that contain annotated and putative upstream open reading frames (Ingolia et al. 2009 ) (uORFs; e.g., CPA1), and (v) pre-mRNAs that retain their introns and enter the cytoplasm as a consequence of inefficient or regulated splicing (e.g., RPL22B, RPL24B, HRB1). The latter two classes (uORF-containing mRNAs and introncontaining pre-mRNAs) were enriched significantly in NMD substrates: 89 out of 356 putative uORF-containing yeast transcripts (Ingolia et al. 2009 ) and 57 out of 351 potential intron-containing pre-mRNAs were present at a higher ratio than would be expected by chance (χ 2 P = 4.8 × 10 −9 and 0.0006, respectively). Our observation that NMD targets a large number of intron-containing pre-mRNAs indicates that there is a widespread entry of intron-containing transcripts into the yeast cytoplasm and that, in yeast, NMD plays a general role in the degradation of a subset of intron-containing pre-mRNAs.
Validation of newly identified NMD substrates
To validate our RNA-seq and bioinformatics results, we assessed the levels of expression of seven newly identified NMD-regulated transcripts in wild-type, upf1Δ, upf2Δ, and upf3Δ strains by Northern blotting. To ascertain NMD substrate specificity, we also analyzed yeast strains harboring single deletions of genes encoding the major cytoplasmic 5 ′ -3 ′ exonuclease (Xrn1), the Dcp1/Dcp2 decapping enzyme, and several decapping activators (Edc3, Pat1, Lsm1, Dhh1, and Scd6). Among the seven selected NMD-regulated transcripts analyzed, four (HRB1, RPL22B, NHP6B, MTR2) are intron-containing pre-mRNAs, two are annotated as "noncoding" RNAs, and one utilizes frameshifting during translation (Ty4 transposon). Of the intron-containing pre-mRNAs, two (HRB1, RPL22B) contain an intron in their coding regions and two (NHP6B, MTR2) contain an intron in their 5 ′ UTRs. As a negative control, we analyzed the intron-containing HAC1 pre-mRNA in these strains. All seven NMD-regulated transcripts showed the expected expression patterns in these yeast strains ( Fig. 2A-C ). Compared to their expression in wild-type cells, each of these transcripts showed increased levels in upf1Δ, upf2Δ, and upf3Δ strains, and also in xrn1Δ, dcp1Δ, and dcp2Δ strains. However, the levels of expression of each of these transcripts were unchanged in edc3Δ, pat1Δ, lsm1Δ, dhh1Δ, and scd6Δ strains. The levels of the HAC1 pre-mRNA were essentially unchanged in all the deletion strains. Collectively, these observations confirm that all seven transcripts are NMD-regulated and degraded through decapping and 5 ′ -3 ′ exonucleolytic decay. The latter results mirror our analyses of RNA-seq data (see below).
NMD substrates are principally degraded by decapping and 5 ′ -3 ′ exonucleolytic decay Several NMD substrates have previously been shown to be degraded by decapping and 5 ′ -3 ′ exonucleolytic degradation FIGURE 2. Validation of several different classes of NMD substrates by Northern blotting. Northern blotting analyses of (A) intron-containing transcripts (HRB1, RPL22B, NHP6B, and MTR2), (B) transcripts using frameshifting during translation (Ty-4 transposons), (C) "noncoding" RNAs (ICR1 and IRT1), and (D) negative control transcripts (HAC1 pre-mRNA). Total RNA was isolated from the indicated strains, and the steady-state levels of individual transcripts in these strains were analyzed by Northern blotting. In each case, a random-primed probe was hybridized to the blot and SCR1 served as the loading control. (Muhlrad and Parker 1994; He and Jacobson 2001) , including those analyzed in Figure 2 . To evaluate the prevalence of this mechanism in NMD at a transcriptome-wide level, we analyzed the expression patterns of the 907 NMD regulated transcripts of transcriptome 1 in dcp1Δ, dcp2Δ, and xrn1Δ strains. We prepared RNA-seq libraries from dcp1Δ, dcp2Δ, and xrn1Δ strains and subjected them to the same analysis pipeline as described above for libraries prepared from upf strains. These libraries showed similar consistencies and read count distributions as single WT and UPF deletion libraries ( Fig. 3A; Supplemental Fig. 1 ). Consistent with current concepts of the roles of Dcp1, Dcp2, and Xrn1 in NMD and general 5 ′ -3 ′ decay (Parker 2012), deletion of DCP1, DCP2, and XRN1 each caused up-regulation of >1000 transcripts ( Fig. 3B ). As expected, the up-regulated transcripts in dcp1Δ, dcp2Δ, and xrn1Δ strains had significant overlap, with overlapping fractions ranging from 52% to 88% (Fig.  3B ). The 907 NMD-regulated transcripts had significant overlap with transcripts that were up-regulated in both dcp1Δ and dcp2Δ cells or xrn1Δ cells ( Fig. 3C ). Overall, ∼70% of NMD-regulated transcripts had increased levels of expression in dcp1Δ, dcp2Δ, and xrn1Δ strains. Consistent with our earlier microarray analyses , these results indicate that yeast NMD substrates are largely but probably not exclusively degraded by decapping and 5 ′ -3 ′ exonucleolytic decay.
Intron-containing pre-mRNAs targeted by NMD are engaged in translation
To further elucidate the role of NMD in the degradation of intron-containing pre-mRNAs, we analyzed ribosome occupancy within the intronic regions of pre-mRNAs targeted by NMD (n = 57) and those that are not (n = 244). Using published ribosome profiling data (Young et al. 2015) , we measured ribosome densities (coverage profiling /coverage RNA-Seq ) within the intronic regions for these two groups of introncontaining transcripts. We found that introns from the pre-mRNAs targeted by NMD do in fact show a subtle, but statistically significant, higher ribosome occupancy than introns from the pre-mRNAs not targeted by NMD (two-sample KS test P = 0.038; Fig. 4A,B) . These results indicate that introncontaining pre-mRNAs targeted by NMD are generally engaged in translation. In support of this conclusion, several of these NMD-targeted pre-mRNAs were previously shown to be associated with polyribosomes (He et al. 1993) .
NMD substrates similar to normal mRNAs are poorly translated regardless of the NMD status of the cell
The compilation of a comprehensive list of NMD substrates raises the general question of what dictates NMD specificity for these transcripts. While the NMD targeting of PTC-, uORF-, and intron-containing transcripts, and "noncoding" RNAs, can all be attributed to premature translation termina-tion, the vast majority (almost 90%) of NMD substrates in transcriptome 1 are protein-coding transcripts that look like normal, wild-type mRNAs. To identify potential features associated with this "normal-looking" group of NMD substrates, we evaluated several parameters, including 5 ′ UTR, ORF, and 3 ′ UTR lengths, and ribosome densities, for this group of NMD substrates and compared these parameters Figure 1A , violin and box-plots were used to visualize the average sequence reads distribution of the transcriptomes of the indicated strains from three independent experiments. (B) Transcripts up-or down-regulated in dcp1Δ, dcp2Δ, and xrn1Δ strains show significant overlap. Transcripts up-or down-regulated in dcp1Δ, dcp2Δ, and xrn1Δ strains were identified by comparisons to the WT strain. (C ) Transcripts commonly up-or down-regulated from transcriptome 1 in all three UPF deletion strains show significant overlap with transcripts up-regulated in both dcp1Δ and dcp2Δ strains or an xrn1Δ strain. Venn diagrams were used to display the relationships among the up-or down-regulated transcripts from the indicated strains.
to those generated from protein-coding mRNAs not subject to NMD regulation. Using previously published annotations (Nagalakshmi et al. 2008; Xu et al. 2009; Pelechano et al. 2013) , we observed conflicting results for the potential role of UTR lengths in substrate selection. Using the annotations of Nagalakshmi and colleagues, we found no discernible difference between 5 ′ -and 3 ′ UTR lengths of normal-looking mRNAs targeted versus not targeted by NMD, while the annotations of Pelechano and colleagues suggested that both UTRs are longer for NMD substrates and the annotations of Xu and colleagues suggested that 5 ′ UTRs are shorter for NMD substrates (data not shown). These conflicting annotations precluded any conclusions about the role of UTR lengths in the determination of NMD substrate status. However, by comparing the published (Young et al. 2015) ribosome occupancies of these subsets of transcripts we observed a striking difference in normalized ribosome occupancy in wild-type cells. The normal-looking NMD substrates had significantly lower ribosomal density throughout their open reading frames than the non-NMD substrates (twosample KS test P < 2.2 × 10 −16 ) ( Fig. 5A,B , blue and red lines, respectively). Based on this observation, we also analyzed the normalized ribosome occupancy of all putative uORF-containing transcripts. We separated the transcripts into two different groups: those regulated by NMD and those not regulated by NMD. Much like the normal-looking NMD substrates, the NMD-regulated uORF-containing transcripts also exhibited lower ribosome densities than those not subject to NMD regulation ( Fig. 5C ; two-sample KS test P < 2.2 × 10 −16 and P = 3.57 × 10 −10 for transcripts without and with uORFs, respectively). Together, these results indicated that NMD substrates are probably translated less efficiently than non-NMD substrates.
In addition to triggering rapid transcript degradation, recognition of an mRNA as an NMD substrate has been suggested to lead to concomitant Upf1-dependent translational repression (Muhlrad and Parker 1999) . To assess whether the observed lower ribosome density of normal-looking NMD substrates in wild-type cells reflected this phenomenon, we utilized published ribosome footprinting libraries (Smith et al. 2014) to compare the normalized ribosome densities of NMD substrates in wild-type and upf1Δ cells. These analyses demonstrated that the ribosome density profiles for both normal-looking NMD substrates and non-NMD substrates showed similar differences in ribosome density regardless of the strain (Fig. 5D ; two-sample KS test P < 2.2 × 10 −16 for both WT and upf1Δ, between NMD substrates and nonsubstrates), i.e., the NMD substrates were also translated less efficiently in upf1Δ cells. Collectively, our bioinformatics analyses indicate that low ribosome density is an intrinsic property of NMD-targeted transcripts.
Normal-looking NMD substrates have a higher rate of out-of-frame translation
The comparatively reduced ribosome densities of NMD substrates observed in Figure 5 suggested that these mRNAs may share a common impairment. We thus tested whether normal-looking NMD substrates and non-NMD substrates may have different amounts of out-of-frame translation in their coding regions. For this analysis, we analyzed published (Young et al. 2015) ribosome profiling data and only used read lengths that displayed a strong preference (>80% of reads) for one frame, mapping these sequence reads to NMD and non-NMD-regulated transcripts. We calculated the ratio of out-of-frame reads to total mapped reads for each of these transcripts and compared the out-of-frame ratio distributions between the normal-looking NMD and non-NMD populations. This analysis indicated that the NMD-regulated transcripts showed a significantly higher ratio of out-of-frame reads ( Fig. 6A ; two-sample KS test P < 2.2 × 10 −16 ). These results indicate that in addition to lower ribosome density, NMD substrates also exhibit higher out-of-frame read ratios and thus a higher rate of out-offrame translation. One potential explanation for increased out-of-frame translation could be that these genes have internal transcription start sites (iTSSs) and the subsequent isoforms are the main substrates for NMD. To test this Plots in A and B were derived from the ribosome profiling data of WT cells by Young et al. (2015) . Ribosome densities were calculated as profiling coverage /RNA-seq coverage for each intron. Introns of NMD-targeted pre-mRNAs show higher ribosome densities than introns of the pre-mRNAs that are not targeted by NMD (two-sample KS test P = 0.038).
hypothesis, we used iTSS-containing gene lists published by two independent groups (Pelechano et al. 2013; Malabat et al. 2015) . We compared the overlaps between transcripts with iTSSs and our list of NMD substrates. Interestingly, we found little overlap between these three groups of transcripts. In addition, when we compared the ribosome densities and out-of-frame read ratios between transcripts that have been suggested to have iTSSs by Malabat and colleagues and those that do not we observed similar differences between NMD substrates and nonsubstrates. That is, regardless of iTSS status, transcripts that we have identified as NMD substrates show higher rates of out-of-frame translation and lower ribosome densities (Supplemental Fig. 3 ).
Normal looking NMD substrates have lower average codon optimality and a biased distribution pattern of nonoptimal codons
To further understand the basis of lower ribosome density and increased out-of-frame translation of NMD substrates, we explored potential differences in codon usage for normal looking NMD and non-NMD-regulated transcripts. We used published codon optimality data (Pechmann and Frydman 2013) , to calculate average codon optimality scores for both NMD and non-NMD-regulated transcripts, and compared the score distributions of these two populations. We found that the NMD-regulated transcripts had a subtle, but statistically significant lower average codon optimality score (Fig. 6B ; twosample KS test P = 3.9 × 10 −7 ). Based on this finding, we then recoded the codon sequences of each NMD-and non-NMD-regulated transcript as a binary series of optimal (O) or nonoptimal (N) codons, treated each recoded transcript as a discrete time Markov chain, and calculated the transition probabilities from one state to another for each transcript (i.e., O to O, O to N, N to N, and N to O) . We then compared the distributions of transition probabilities of the NMD and non-NMD-regulated transcripts. We found that NMD-regulated transcripts again showed a subtle but statistically significant preference toward nonoptimal codons (i.e., having higher N to N and O to N, but lower N to O and O to O transition probabilities; two sample KS test P = 2.4 × 10 −7 , 1.2 × 10 −7 , 5.4 × 10 −14 , 5.3 × 10 −14 , respectively; Fig. 6C,D) . Our analyses thus indicated that, as individual metrics, average codon optimality and N to N and O to O transition probabilities all seem to contribute to NMD susceptibility. Because average codon optimality is highly correlated with transition probabilities we were unable to conclude whether NMD substrates still had a higher tendency to exhibit longer stretches of nonoptimal codons when controlled for overall codon optimality.
DISCUSSION
A comprehensive catalog of annotated yeast NMD substrates
Using RNA-seq analyses, we have redefined the set of transcripts regulated by NMD in Saccharomyces cerevisiae. Our new comprehensive list of yeast NMD substrates originates from the well-annotated genes of transcriptome 1 and includes the vast majority of NMD-regulated transcripts identified by previous analyses Johansson et al. 2007; Sayani et al. 2008; Smith et al. 2014; Malabat et al. 2015) , as well as hundreds of new transcripts that FIGURE 5. NMD substrates are less efficiently translated than nonsubstrates independent of the NMD machinery. (A) Cumulative density plots of ribosome densities derived from ribosome profiling data of WT cells for normal-looking NMD substrates (blue n = 746) and non-NMD substrates (red = 4633). (B) Mean ribosome densities over normalized ORFs derived from the same data and for the same two sets of transcripts shown in A. (C) Cumulative density plots of ribosome densities derived from the same data in A for uORF-containing transcripts targeted (dashed, blue n = 42) or not targeted (dashed, red n = 199) by NMD and for uORF-lacking transcripts targeted (solid, blue n = 704) or not targeted (solid, red n = 4434) by NMD. (D) Cumulative density plots of ribosome densities derived from other ribosome profiling data sets of WT (solid) and upf1Δ (dashed) cells for normal-looking NMD substrates (blue) and non-NMD substrates (red) shown in A. Plots in A, B, and C were derived from the ribosome profiling data of Young et al. (2015) , and plots in D were derived from the ribosome profiling data of Smith et al. (2014) . Ribosome densities were calculated as profiling coverage /RNA-seq coverage for each transcript. Two-sample KS test P-values are described in the Results section. escaped prior detection. While many CUTs, SUTs, and XUTs of transcriptome 2 manifest changes in abundance in response to inactivation of each Upf factor the relevance of these transcripts to the conventional understanding of NMD remains obscure, particularly in light of the lack of precise mapping information for these transcripts. Accordingly, our attention has largely been drawn to the components of transcriptome 1. Consistent with the positive roles of Upf1, Upf2, and Upf3 in NMD activation (Kervestin and Jacobson 2012; He and Jacobson 2015b) , almost all NMD substrates in the transcriptome 1 list are up-regulated by NMD inactivation, with only a handful of transcripts showing down-regulation under the same conditions. Further, the strict requirement for translation in NMD activation (Zhang et al. 1997; Hu et al. 2010 ) was reflected in the observation that 99% of the NMD substrates in transcriptome 1 were annotated as protein coding transcripts.
Each of the up-regulated transcripts shares a nearly identical quantitative response to deletion of the UPF1, UPF2, or UPF3 genes and exhibits comparable expression levels in the three UPF deletion strains ( Fig. 1E; Supplemental  Fig. 2 ). In addition, most transcripts in the up-regulated group also exhibit increased accumulation upon inactivation of the Dcp1/Dcp2 decapping enzyme and the 5 ′ -3 ′ Xrn1 exonuclease (Fig.  3C) , two critical components that function downstream from the yeast NMD pathway (Parker 2012) . The set of upregulated transcripts also includes several known structural classes of NMD substrates including mRNAs encoded by genes harboring nonsense mutations in their coding regions, mRNAs utilizing frameshifting in their translation, pseudogene transcripts, mRNAs that contain uORFs, and pre-mRNAs that retain their introns and enter the cytoplasm as a consequence of inefficient or regulated splicing (Fig. 7A) . Collectively, these observations lead us to conclude that the bulk of the up-regulated transcripts identified here are likely to be bona fide substrates of the NMD pathway in yeast cells.
A significant fraction of yeast intron-containing mRNAs are targeted by cytoplasmic NMD In addition to generating a comprehensive catalog of yeast NMD substrates, our RNA-seq analyses also revealed that a significant fraction (∼16%) of yeast intron-containing genes produce introncontaining pre-mRNA isoforms that are engaged with translating ribosomes and subject to NMD regulation ( Fig. 4 ; Supplemental Table 2 ). These observations indicate that, even under normal growth conditions, a significant fraction of intron-containing pre-mRNAs are exported from the nucleus to the cytoplasm, where they are degraded by NMD. The large number of yeast intron-containing pre-mRNAs subject to NMD regulation suggests that NMD plays a much more significant than anticipated role in intron-containing pre-mRNA degradation in yeast cells. Consistent with this conclusion, previous tiling microarray analyses also revealed a large overlapping set of intron-containing pre-mRNAs subject to NMD (Sayani et al. 2008) .
Potential targeting mechanisms of the normal-looking NMD substrates
The largest fraction of NMD substrates identified here is comprised of normal-looking mRNAs that appear to lack defining features of premature termination. Our bioinformatics analyses reveal several intrinsic properties of these normallooking NMD substrates that suggest a potential NMDtargeting mechanism. Compared to non-NMD substrates, this group of mRNAs has lower translation efficiency, a FIGURE 6. NMD substrates have lower translation fidelity and lower codon optimality. (A) Cumulative density plots of in-frame read ratios over total reads derived from ribosome profiling data of WT cells for intron-lacking NMD substrates (n = 746, blue) and non-NMD substrates (n = 4633, red). (B) Cumulative density plots of mean codon optimality scores for two sets of transcripts shown in A. (C ) Mean transition probabilities of a two-state discrete time Markov chain between optimal (O) and nonoptimal (N) codons for intron-lacking NMD substrates (blue) and non-NMD substrates (red). (D) Distributions of Markov chain codon transition probabilities for intron-lacking NMD substrates (blue) and non-NMD substrates (red). Plots in A were derived from the ribosome profiling data of Young et al. (2015) , and plots in B, C, and D were based on codon optimality assignments and scores published by Pechmann and Frydman (2013) . Two-sample KS test P-values are described in the Results section.
higher rate of out-of-frame translation, lower average codon optimality, and a propensity to have stretches of nonoptimal codons. Further, in contrast to an earlier proposition (Muhlrad and Parker 1999; Isken et al. 2008) , the lower translation efficiency for this group of substrates appears to be independent of the NMD machinery.
The intrinsic properties that we uncovered for the normallooking NMD substrates could reflect direct causes or indirect consequences of NMD targeting for these mRNAs, i.e., some of these properties may function independently or synergistically in NMD targeting. One possible mechanism of NMD targeting may be attributable to translational elongation through a stretch of nonoptimal codons. The lower average codon optimality or longer stretches of nonoptimal codons of the normal-looking NMD substrates might lead to less efficient translation for this group of transcripts, an increased probability that an error will be made during translation elongation, and the observed higher rate of out-offrame translation. Clearly, the latter offers a greater likelihood for premature translation termination.
The less efficient translation and the higher rate of out-offrame translation that we observed for normal-looking NMD substrates could also be caused by events independent of the translation of a stretch of nonoptimal codons. One possibility could be heterogeneity in the primary structure of this group of NMD substrates, i.e., the normal-looking NMD substrates may each have multiple transcript isoforms. Some of the isoforms may have very short 5 ′ UTRs (Arribere and Gilbert 2013) and some of the isoforms may result from internal transcriptional initiation in protein coding regions (Malabat et al. 2015) . These unusual isoforms could have lower efficiencies of translation initiation at conventional ORF start sites and higher rates of out-offrame downstream translation initiation. However, the detection of such isoforms as NMD substrates in a transcriptomewide study would require that they constitute a significant fraction of the mRNA isoform population for a particular gene. Significantly, the less efficient translation and the higher rate of outof-frame translation that we observed for normal-looking NMD substrates are largely independent of iTSS status (Supplemental Fig. 3) . Similarly, alternative splicing events could also produce a subset of transcripts targeted by NMD, but previously reported alternative splicing events in yeast appear to generate only minor mRNA isoforms (Kawashima et al. 2014) and are thus unlikely to be detected as NMD substrates in our study. Therefore, the less efficient translation and higher rates of out-of-frame translation of the normal-looking NMD substrates are unlikely to be caused by transcript isoform heterogeneities, and most likely originate from the intrinsic translation properties of these mRNAs. Further, their propensity for frameshifting is most likely the cause of subsequent premature termination and NMD substrate status. In short, NMD can serve as a probabilistic quality control mechanism that allows for detection of errors during translation elongation. Collectively, atypical transcription or translation initiation, or unexpected frameshifting events, could all be targeted by NMD. In each of these cases, NMD activation is linked to premature or premature-like translation termination, as observed for several previously characterized classes of transcripts targeted by NMD (Fig. 7) . This mode of action for NMD is consistent with previously published results in which NMD could target transcripts even after their first round of translation (Maderazo et al. 2003; Gaba et al. 2005) .
MATERIALS AND METHODS
Yeast strains
All strains used in this study are in the W303 background. The wildtype strain (HFY114) and its isogenic derivatives harboring deletions of UPF1 (HFY871), UPF2 (HFY116), UPF3 (HFY861), DCP1 (HFY1067), or XRN1 (HFY1080) were described in He et al. (2003) . Isogenic strains harboring deletion of DCP2 (CFY1016), FIGURE 7. Different classes of NMD substrates. (A) "Traditional" NMD substrates. Translation of these NMD substrates commences at initiation codons located at ORF (or uORF) 5 ′ ends, proceeds 3 ′ , and leads to an in-frame encounter with a coding region premature termination codon. Transcripts in this class include mRNAs derived from nonsense alleles, pre-mRNAs that enter the cytoplasm with unspliced introns, uORF-containing mRNAs, mRNAs in which programmed frameshifting allows a fraction of ribosomes to avoid premature termination, and mRNAs transcribed from pseudogenes. (B) "Probabilistic" NMD substrates. These NMD substrates lack inframe premature termination codons in their coding regions, but contain mRNA features that promote either downstream out-of-frame translational initiation or frameshifting and thus trigger premature termination in a new reading frame. Transcripts in this category include mRNAs with poor sequence context around the normal initiation codon, mRNAs whose transcription start site is internal to the principal ORF, and mRNAs with lower overall codon optimality or a long stretch of nonoptimal codons (NOCs). In each of these cases, a subset of ribosomes translates the mRNA in a frame different from that of the annotated ORF. (Green) Initiation codon, (red) stop codon, (yellow) UTR, (purple) stop codon encountered in the +1 or +2 reading frame; (blue) cluster of nonoptimal codons. EDC3 (CFY25), PAT1 (SYY2674), LSM1 (SYY2680), and DHH1 (SYY2686) were described in He and Jacobson (2015a) . A strain harboring a deletion of SCD6 (SSY2352) was constructed by gene replacement (Guthrie and Fink 1991) using a DNA fragment harboring the scd6::KanMX6 null allele.
Cell growth and RNA isolation
Cells were all grown in YEPD media at 30°C. In each case, cells (15 mL) were grown to an OD 600 of 0.7 and harvested by centrifugation. Cell pellets were frozen on dry ice and then stored at −80°C until RNA isolation. The procedures for RNA isolation were as previously described (He and Jacobson 1995) .
RNA-seq library preparation
Total RNA was treated with Baseline-Zero DNase (Epicenter) to remove any genomic DNA contamination. Five micrograms of DNase-treated total RNA was then depleted of rRNA using the Illumina yeast RiboZero Removal Kit and the resulting RNA was used for RNA-seq library preparation. Multiplex strand-specific cDNA libraries were constructed using the Illumina TruSeq Stranded mRNA LT Sample Prep Kit. Three independent cDNA libraries were prepared for each yeast strain analyzed.
RNA sequencing
Total RNA cDNA libraries were sequenced on the Illumina HiSeq4000 platform at Beijing Genomics Institute. Four independent libraries were pooled into a single lane and single-end 50-cycle sequencing was carried out for all cDNA libraries.
Northern analysis
Procedures for Northern blotting were as previously described (He and Jacobson 1995) . In each case, the blot was hybridized to a random primed probe for a specific transcript, with SCR1 serving as a loading control. Transcript-specific signals on Northern blots were determined with a FUJI BAS-2500 analyzer. Specific PCR fragments from the following genes were used as probes for Northern blotting analyses presented in Figure 4 : RPL22B, entire 321-nt intron; HAC1, entire 252-nt intron, HRB1, exon 2 nt 784-1278; NHP6B, CDS nt 1-300; MTR2, CDS nt 1-555; ICR1, nt 2461-3040; IRT1, nt 811-1340; and TY4, CDS nt 4801-5410.
Bioinformatics methods
General computational methods
All statistical analyses were carried out using the R statistical programming environment, versions 3.2.4 and 3.2.5. R packages ggplot2, gplots, plyr, reshape2, and gridExtra were used for data preprocessing and visualization and foreach, doSNOW, and doParallel were used for parallel processing.
Differential expression analysis
The R64-2-1 S288C reference genome assembly (sacCer3) (Saccharomyces Genome Database Project) was used for sequencing reads mapping and transcriptome construction. We generated a yeast transcriptome comprised of 7473 transcripts that includes all annotated protein-coding sequences, functional and noncoding RNAs, and the unspliced isoforms of all intron-containing genes. Because of their repetitive nature, autonomous replicating sequences and long terminal repeats of transposable elements were excluded from the transcriptome. RSEM program (Li and Dewey 2011) was used to map the sequence reads to the transcriptome and to quantify individual transcript levels with settings -bowtie-m 30 -no-bamoutput -forward-prob 0. The expected read counts for individual transcripts from RSEM were considered as the number of reads mapped to each transcript and were then imported into the Bioconductor DESeq package (Anders and Huber 2010) for differential expression analysis.
The Benjamini-Hochberg procedure was used for multiple testing corrections. To account for replicate variability, we used a false discovery threshold of 0.01 (1%) instead of an arbitrary fold change cutoff as the criterion for differential expression. We repeated the same pipeline for a separate transcriptome that contained CUT, SUT, and XUT sequences. These sequences are extracted from the yeast genome based on the previous annotations (Wery et al. 2016) .
Ribosome footprint profiling analysis
We generated a second transcriptome for ribosome profiling analysis that only included mRNAs and unspliced isoforms from verified protein-coding genes. Because there are no formal 5 ′ -and 3 ′ UTR annotations for most yeast transcripts, we used sequences 300 nt upstream of start codons or downstream from stop codons as the 5 ′ -and 3 ′ UTR sequences. For transcripts that have annotated 5 ′ UTR introns, 300 nt immediately upstream of the annotated introns were considered as their 5 ′ UTRs. We used raw data from previously published ribosomal profiling experiments (Smith et al. 2014; Young et al. 2015) . Raw fastq files and sequence reads were trimmed for adapter sequences with cutadapt with settings -a CTGTAGGCA -q 10 -trim-n -m 10. After adapter trimming, sequence reads were mapped to the transcriptome with bowtie (Langmead et al. 2009 ) with settings -m 4 -n 2 -l 15 -suppress 1,6,7,8 -best -strata. Because our transcriptome contains both spliced and unspliced isoforms from hundreds of the intron-containing genes, we allowed as many as four multiple mappings. After bowtie alignment, the riboSeqR package (Chung et al. 2015) was used for initial visualizations and frame calling. All other analyses were carried out by R scripts written in-house.
Ribosome density calculations
The ratio of profiling coverage /RNA-seq coverage for each transcript along the entirety of either intronic or coding regions (Figs. 3A, 5A,C) or over 100 bins (percentages) of the entire intron or coding regions was calculated using in-house scripts. For this analysis, we only used ribosome footprint read lengths that showed a strong preference (>80%) to a specific reading frame.
Calculation of in-and out-of-frame read ratios
We used only ribosome footprint read lengths that showed a strong preference (>80%) to a specific reading frame. Accounting for A-site occupancy, we mapped the reads from each length to our transcriptome and calculated the number of reads mapped to each transcript and the number of out-of-frame reads for each transcript Translational characteristics of NMD substrates www.rnajournal.org 745 for each read length. We then pooled the total and out-of-frame reads together and calculated the ratio of out-of-frame over total reads for each transcript.
Codon optimality calculations
We used previously published codon optimality assignments and scores (Pechmann and Frydman 2013) in our analyses. The average codon optimality score for each transcript in our ribosome profiling transcriptome was calculated using the Biostrings R package and inhouse scripts. We took the sum of optimality scores for all codons in a transcript and then divided the sum by the total number of codons in the corresponding transcript. For discrete time Markov chain analysis, we labeled each codon as optimal (O) or nonoptimal (N) and then calculated the transition probabilities using maximum likelihood estimates as an unbiased measure for each transcript using the markovchain R package.
Statistical tests
We used χ 2 tests with Yates continuity correction to assess different subsets of transcripts for either enrichment or depletion of a particular group of transcripts. Because the data for ribosome densities, transcript in-frame reads ratios, average codon optimality, and codon transition probabilities did not show normal (Gaussian) distributions, we used nonparametric two-sample Kolmogrov-Smirnov (KS) tests to assess the significance between different groups of transcripts. As KS tests compare the empirical distributions of two population samples, for consistency we used cumulative density plots in Figures 4-6.
The data discussed in this publication have been deposited in NCBI's Gene Expression Omnibus (Edgar et al. 2002) and are accessible through GEO Series accession number GSE86428.
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